The purpose of the present study is to examine whether loans from microfinance institutions (MFI) reduce poverty in Bangladesh drawing upon the nationally representative household panel data covering 4 rounds from 1997 to 2004. Our aim is to estimate the effects of general microfinance loans as well as loans for productive purposes on household income, food consumption and women's Body Mass Index (BMI). It has been found by different versions of household fixed-effects model that overall effects of MFI's loans on income and food consumption in 1997-2004 were positive and that the purpose of the loan is important in predicting which household welfare indicator is improved. As a supplementary analysis, we have carried out Difference-In-Difference Propensity Score Matching (DID-PSM) and have confirmed a positive impact of MFI's general loans on food consumption's growth in [1999][2000][2001][2002][2003][2004]. It can be concluded that loans provided by MFIs had significant poverty reducing effects particularly on income and consumption in Bangladesh.
Does Microfinance Reduce Poverty in Bangladesh? New Evidence from
Household Panel Data *
I. Introduction
The idea that microfinance helps poor people build businesses, increase their income and exit poverty has turned into a global movement, so called 'microfinance revolution', to fight against poverty over the last three decades. This is reflected in the significant increase of donor countries' investment in microfinance sector in recent years. The poor tend to have limited access to services from formal financial institutions in less developed countries due to, for example, (i) the lack of physical collateral; (ii) the cumbersome procedure to start transaction with formal banks, which would discourage those without education from approaching the banks; and (iii) lack of supply of credit in the rural areas related to urban biased banking networks and credit allocations. The hallmark of microfinance revolution is the system of group lending based on the joint liability or 'social capital' of groups which would guarantee to repay loans. 1 Here the poor with no physical collateral are allowed to form a group to gain access to credit and the repayment rate is kept high because of, for example, mutual monitoring, sanction against non-repayment of the member or incentives to retain the individual reputation or credit within a community (e.g. Armendáriz and Morduch, 2005 , Besley and Coate, 1995 , Ahlin and Townsend, 2007 .
The last thirty years witnessed a phenomenal growth in microfinance sector serving about 40 million clients with an outstanding loan portfolio of US$17 billion in mid-2006 and the projected market size could be around US$250-300 billion in near future (Ehrbeck, 2006) .
However, the argument that microfinance responds to the derived demand for borrowing to support self-employment and small business has come under intense scrutiny in recent years.
Even the hard core of pro-microfinance researchers now broadly agree that attention should be drawn to both supply and demand sides of microfinance in order for the sector to have a noticeable poverty reducing effects. As Robert Pollin (2007, p. 2) notes, micro-enterprises "need a vibrant, well functioning domestic market itself that encompasses enough people with enough money to buy what these enterprises have to sell". Moreover, as noted by Bateman and Chang (2009) , microfinance neglects the crucial role of scale economies and it produces an oversupply of inefficient micro-enterprises that could undermine the development of more efficient small and medium industries (SMEs) that would be potentially able to reduce unit costs and register productivity growth in the long run. However, shifting the donor's fund away from very small groups or enterprises (target of microfinance institutions) to SMEs could imply the neglect of the very poor who are credit constrained.
The development agencies of donor countries or government will have to make sure whether the benefits to programme participants are sustainable and large enough to make a dent in the poverty of participants and society at large.
Bangladesh has recorded a modest 4-6 % growth within a stable macroeconomic framework in recent years. The poverty trend has shown a consistent decline in poverty incidence over the years, especially in rural areas. However, aggregate poverty rates still to be economically active and potential target of microfinance operations. Therefore, there was still scope for further extending the coverage of microcredit programmes in 2005 to an approximate 18.52 million borrowers who were poor and economically active but not covered by MFI programmes (Ahmed, 2007) .
The main purpose of the present study is to test whether microfinance reduces poverty in Bangladesh drawing upon a nationally representative household panel data covering 4 rounds, 1997-98, 1998-99, 1999-2000, and 2004-05 . Special attention is drawn to the issue of sample selection or endogeneity associated with participation in microfinance, by applying different versions of household fixed effects model as well as difference in difference and propensity score matching (DID-PSM) 2 to the sample which consists of participants and non-participants of microfinance programmes.
The rest of the paper is organized as follows. The next section surveys the literature on poverty and microfinance in Bangladesh. Section III describes briefly the survey design and data. Section IV emphasises the underlying intuition of econometric models and Section V summarizes the econometric results and findings. The final section offers concluding observations.
II. The Literature Review on Poverty and Microfinance
Despite the data limitations and methodological problems, e.g. on dealing with the sample selection bias associated with microfinance participation, there are a few rigorous studies to assess the impact of microfinance on poverty. The findings of a set of studies summarised by Hulme and Mosley (1996) are somewhat provocative: households with initial higher income above the poverty line benefited from microfinance and enjoyed sizeable positive impacts, while poorer households below the poverty line did not. A majority of those with their initial income below the poverty line actually ended up with less incremental income after obtaining microcredit, as compared to a control group which did not get any loans from MFI. Pitt and Khandker (1998) carried out a survey in 1991/92 involving about 1800 households in Bangladesh and found that for every 100 taka borrowed by a woman, household consumption expenditure increased by 18 taka. For a male borrower, the figure was 11 taka. They estimated the poverty reducing effect of three major microfinance institutions in Bangladesh namely -Bangladesh Rural Advancement Committee (BRAC), Grameen Bank, and Bangladesh Rural Development Board (BRDB). Moderate and ultra poverty was reduced by about 15 % and 25 % for households who were BRAC members for up to three years. Similar results were found for Grameen Bank and BRDB members.
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Drawing upon the follow up survey in 1998/99, Khandker (2005) found resounding results at both micro and aggregate levels: microcredit continued to contribute to reducing poverty among poor borrowers and within local economy. The impact appears to be greater for households who were initially extremely poor (18 percentage point drop in extreme poverty in seven years) compared to moderate poor households (8.5 percentage point drop). These results differ from earlier evidence that pointed to moderate poor borrowers having benefited more than extremely poor borrowers who tended to have a number of constraints (e.g. fewer income sources, worse health and education) which prevent them from investing the loan in a high-return activity (Wood and Sharif 1997) . The finding that better off households benefiting more was also borne out by detailed case-study evidence (Farashuddin, and Amin,1998) and by comparing participants of credit programmes who cater to different socio-economic groups (Montgomery et al., 1996) .
The general conclusions of Pitt and Khandker (1998) and Khandker (2005) about the impact of microcredit on poverty include: (i) microcredit was effective in reducing poverty generally, (ii) this is especially true when borrowers were women, and (iii) the extremely poor benefited most in 1998/99. Consumption data from 1072 households in one district of Bangladesh were used to show that the largest effect on poverty occurs when a moderatepoor BRAC client borrows more than tk10,000 (US$200) in cumulative loans (Zaman, 1998) .
In other words, there may be a threshold level of credit above which a household gains most in terms of increases in income.
Using the same household data set in 1991/2 used by Pitt and Khandker (1998) and Morduch (1998) and overcoming the limitations of the previous studies (e.g. the problem related to identification for the former and the problem not taking account of endogenous programme placement for the latter), Chemin (2008) The relationship between poverty and microfinance is unclear outside Bangladesh. Two recent studies that attempted to overcome the sample selection problem by using randomized sample selection methods also came up with not so resounding evidence in favour of microcredit. Banerjee, Duflo, Glennerster and Kinnan (2010) did not find much strong average impact; i.e., the impact on measures of health, education, or women's decisionmaking among the slum dwellers in the city of Hyderabad, India was negligible. The study by Karlan and Zinman (2009) took a similar method to the Philippines, with a focus on the traditional microcredit for small business investment. Profits rise, but largely for men and particularly for men with higher incomes. Moreover, the increases in profits appear to arise from business contractions that yielded smaller, lower-cost (and more profitable) enterprises. Imai et al. (2010) , however, found that the loans from MFI for productive purposes reduced significantly multifaceted household poverty, which was defined in terms of assets, employment, health facilities, and food security, using the survey data in India in 2000. 1997-98, 1998-99, 1999-2000, and 2004-05 . The survey covered a sample of 13 PKSF's Partner Organization (PO) and over 3000 households in each round distributed evenly throughout Bangladesh so as to obtain a nationally representative data set for the evaluation of microfinance programmes in the country (different districts spanning 91
villages from around 23 thanas).
A sample of villages under each of the selected MFI was drawn through stratified random sampling. The stratification was based on the presence or absence of microfinance activities. The non-programme or control villages were selected from the neighbouring villages. At each PO, six to eight villages were selected depending on the availability of control villages. In selecting survey households, the universe of households in the programme villages drawn from the census was grouped according to their eligibility status. A household is said to be eligible if it owns 50 decimals (half an acre) or less of cultivable land.
Participation status of the household is defined using the net borrowing from a MFI. If a household is not a participant in a given round, the net borrowing is zero for that household.
From the village census list, 34 households were drawn from each of the programme and non-programme villages. The proportion of eligible and non-eligible households was kept at around 12:5 and the sample size within the programme and control villages was determined accordingly. The ratio is chosen to reflect the average participants to non-participants ratio of the population in the village. This is the largest and the most comprehensive data of its kind so far in Bangladesh collected with detailed information on a number of socio economic variables, including household demographics, consumption, assets and income, health and education and participation in microcredit programmes.
(b) Descriptive Statistics and Definition of Variables
The study uses two different definitions of access to Microfinance Institutions: first, whether a household is a client of any MFI and takes loans for general purposes or not, and second, whether a household has actually taken a loan from any MFI for productive purpose or not.
The first definition is used to observe the effect of taking general loans from MFI on per capita household income, food consumption and women's BMI and thus on poverty. It is noted that unlike the first, third and fourth rounds, the second round consumption data are highly aggregated and not comparable with the other rounds. In case of BMI, comprehensive data are available only for the first and the last rounds, while the data on household income are available for all four rounds. The second is concerned with whether the household has taken loans for productive activities (and has an outstanding balance of loans at the time of survey) leading to an increase in production, for example, starting a small business or other self employment activities, like small scale poultry or cattle rearing. Loans used for consumption or other non-productive activities like marriage or dowry are excluded from this category.
Online Appendix 1 provides the descriptive statistics of the variables for the sample households with access to loans from MFI and for those without. As shown by the number of observations, more than a half of the sample household have access to MFI loans. About a half of them have access to loans from MFI for productive purposes. In general, there is a relatively negligible difference between the descriptive statistics of each variable for the households with and without access to loans from MFIs (or with access to loans from MFIs for productive purposes) and for those without.
The average household size is about 6 for both categories of households. Heads of the households are categorised into four groups depending on their educational level -illiterate, completing primary education, secondary education, or higher education. Similarly, occupation of the head of the households is grouped into six distinct categories -farmers, agricultural wage labourers, non-agricultural wage labourers, small business, professionals (which comprises teachers, lawyers, doctors and other salaried employees), and others (beggars, students, retired persons, disabled, unemployed etc.). However, per capita income is generally higher for those who do not take MFI loan or participate in MFI programmes. This does not necessarily imply that taking loans from MFIs reduces per capita income due to the aforementioned sample selection bias. About 93 per cent of the households are male headed, mainly due to the sample design where households in a village are selected randomly even though a majority of the MFI clients are female.
IV. Methodologies (1) Panel Data Model

Fixed Effects (FE) Model
First, we have applied different versions of household fixed effects model to take account of the amount of MFI's general or productive loans whilst PSM or DID-PSM can consider only binary classification of participation status. The standard fixed effect model is estimated as:
where it W is the outcome variable (namely, log household income per capita, log food consumption per capita or women's BMI), it X is a vector of variables of household and socio-economic characteristics as well as other control variables, and it L is either a total amount of MFI's loans or a vector consisting of MFI's productive and non-productive loans (sum of which is equal to the total amount of MFI's loans). We are interested in the sign of
β which represents the effects of MFI's loan on the outcome variable. categories, and whether a household has access to electricity. For the equations for food consumption and BMI, we replace arable land and its square by a set of prices (for rice, potatoes and milk).
Fixed Effects Model with PSM (FE-PSM)
Initial household characteristics as well as pre-existing socio-economic and area attributes are likely to influence the programme placement and the subsequent growth paths of outcome variables. Controlling for these potential sources of selection bias would bring us a more credible estimate of the policy effect. To deal with these sources of bias, we need to control for the initial conditions as well as time-varying factors that would influence the programme placement and growth rates. One possible way of correcting for these biases is to use PSM to select appropriate counterfactuals from the sampled non-participants (Ravallion and Chen 2005, Chen et al. 2008) . Matching methods or PSM will construct the control groups that are as similar as possible except for the access to microfinance programmes. PSM will trim the sample of control group with propensity scores that do not overlap with those for the treatment groups. More specifically, we carry out PSM for each round and match the participating households with non-participating ones. 6 Second, we drop all the households which are not matched, or outside the common support region. 7 In order to control for the initial conditions and any time-varying factors, we have carried out the fixed-effects model for the reconstructed panel data in which participating households have been matched with controls.
Fixed Effects (FE) Model with control for initial characteristics
In the FE or FE-PSM estimation, some of the explanatory variables have either a linear time trend or little variation over time and they are swept away in the process of first-differencing.
However, these variables may have a significant effect on the change in outcome variables and eliminating them from the model might bias the policy effect. To circumvent this problem, using only the data of the first and last rounds, we implement an alternate version of the fixed effects model where initial characteristics of households (e.g. age of household head and its square; household size; sex of head of the household; education; occupation; access to electricity) are used along with the first differenced variables. The purpose of these models is also to correct any possible bias due to pre-existing initial heterogeneity of households and time-varying factors.
(2) DID-PSM
There is a huge empirical literature where the policy effects are estimated by PSM. The method is applied, in many cases, to cross-sectional data because of the limitations of IV models (e.g. assuming linearity; requiring a valid instrument; sensitivity of the results to specifications). PSM matches a participating household in MFIs with a non-participating household by using the propensity score, the estimated probability of participating in the microfinance programmes. We can then obtain average treatment effect (ATT) of the policy by comparing the averages of outcome variables for participants and non-participants. In PSM, the first stage specifies a function matching the proximity of one household to another in terms of household characteristics and then households are grouped to minimize the distance between matched cases in the second stage (Foster, 2003) . Rosenbaum and Rubin (1983) proposed statistical matching using the propensity score, the predicted probability that an individual receives the treatment of interest to make comparisons between individuals with the treatment and those without. Models and methodological issues for propensity score matching estimation are discussed in details, for example, by Becker and Ichino (2002) , Dehejia (2005) , Dehejia and Wahba (2002) , Heckman et al. (1997) , Ravallion (2008), Smith and Todd (2005) , and Todd (2008) . 8 In the first stage logit model of PSM 9 , we include the same set of explanatory variables which we use for the panel data model.
While there are some advantages in using PSM to estimate the impact of policy, the derived impact depends on the variables used for matching and the quantity and quality of available data and the procedure to eliminate any sample selection bias based on observables (Ravallion, 2008) . If there are important unobservable variables in the model, the bias is still likely to remain in the estimates. For example, if the selection bias based on unobservables counteracts that based on observables, then eliminating only the latter bias may increase aggregate bias. The replication studies comparing non-experimental evaluations, such as PSM, with experiments for the same programmes do not appear to have found such an example in practice (Heckman et al., 1997 , Ravallion, 2008 . However, there may be systematic differences between participants and non-participant outcomes even after conditioning on household's observable characteristics, which could lead to the violation of the identification condition required for PSM (Smith and Todd, 2005) . Because bias cannot be completely eliminated if there are important unobservable variables in the model, the results of PSM for cross-sectional data will have to be interpreted with caution. Therefore, the present study reports the PSM results in Online Appendix 3 and provide only a summary of the results.
To overcome the limitations of PSM using cross-sectional data, we apply the DID-PSM method which utilises the longitudinal nature of the data. The DID-PSM estimator requires, as specified by (Smith and Todd, 2005) , that
where t and t' are time periods (where t=1 and t'=0, or after and before the programme).
is the outcome at time t for non-participant, )
is a propensity score, the probability of participation at time t, and i D is whether a household participated in a microfinance programme between t' and t (1 if participated, 0 otherwise). In the PSM applied to the crosssectional data, the mean of the outcome of a household at a particular point of time is compared between participants and non-participants conditional on the probability of participation estimated by observable household characteristics, whilst in the DID-PSM, the time-series or temporal change of outcome of a household is compared at time t (after the programme) conditional on the propensity score. The results of the latter are not subject to the existence of unobservable household characteristics in the model. In our context, DID-PSM implies that PSM is applied to 'the first difference' (from t' to t) of the outcome variable (e.g. log per capita income) of a household with access to MFI loans at t, but not at t', the previous round, is compared with that of a household with the same characteristics (with respect to the propensity score), but without any access to MFI loans at both t' and t, along the lines of Smith and Todd (2005) .
V. Results
(1) Results of Fixed-effects models (2), (3), (5) and (6)). That is, our results are robust to use of alternative models in which initial household characteristics are taken account of. However, the magnitude of these effects is not so large -even 100% increase of net change of total loan raises household income per capita only by 0.51% to 0.54% on average ceteris paribus. However, 100% increase of net change of productive loan raises household income per capita by 0.69% to 1.09% on average ceteris paribus.
On the contrary, the non-productive component is positive and significant and the productive component is non-significant in the case where food consumption is estimated (columns (7) and (10)). The results are once again similar in the cases where alternative versions of fixed-effects model are used (columns (8), (9), (11) and (12)). MFI's general loan has a significant and positive effect on food consumption. 100% increase of net change of total loan raises household food consumption per capita by 0.52% to 1.02% on average ceteris paribus. On the other hand, 100% increase of net change of non-productive loan increases household food consumption per capita by 0.74% to 1.11% on average ceteris paribus.
While the aggregate component of MFI loans is not a significant determinant of women's BMI in any version of fixed-effects models (columns (13), (14) and (15)), non-productive loans show a significant and positive effect on women's BMI as in the case of food consumption(columns (16), (17) and (18)). The absolute impact seems substantial as, for example, 10% increase of change in non-productive loans raises women's BMI by 0.44 point in columns (16) and (17), while it is only 0.017 in column (18) where initial household characteristics are included in the model. The results are different from those of PSM and DID-PSM to be discussed in the next sub-section, but it is conjectured that having access to a larger amount of the non-productive component of MFI loans, rather than simply accessing MFI's loans, is important in raising BMI for women.
(2) Results of DID-PSM 10
The results of logit model reported in Online Appendix 2 reflect the determinants of access to MFI's general loans, or access to MFI's loans for productive purposes. Corresponding to PSM or DID-PSM, we present the results of logit model for all the rounds as well as each round. To briefly summarise the results, the coefficient estimate of age of head of the household is positive and significant in all cases, which implies that a household with an older head is more likely to have a member taking a general loan from MFIs, but the statistically significant and negative coefficient estimate of 'age squared' suggests a nonlinear effect of age of the head. In the participation equation, the coefficient estimate of sex of the head of the household, whether a head is female or not, is positive and significant in a majority of the cases. Given that microfinance targets women, the result implies that a household headed by a woman is more likely to have a participant in the MFI programmes than a male headed household. The coefficient estimate of distance from the nearest Upzilla (a business hub) is negative and significant only in the first column. A negative sign indicates that a household living closer to the nearest town with Upzilla is more likely to access MFI's loans than those who live far away. This makes sense because Upzilla provides banking, marketing and other essential services for micro businesses and enterprises to market their products. The number of village money lenders is negative and either statistically significant in a few cases.
The coefficient estimates of the education dummies are all negative and significant except for most of the cases of primary education. This means the reference category, i.e., illiterate households, are more likely to have a member of participating in microfinance programmes.
Coefficient estimates of different occupational categories reveal that a household whose head's occupation is the non-agricultural wage labourer or runs the small business is more likely to have a member of participating in microfinance programmes. This makes sense as these two categories form the core clientele of MFIs. ( Table 2 to be inserted around here)
Though the average treatment effects are statistically non-significant except one case in Table 2 , it is generally observed that the effects of both general loan and productive loans on group for both '1997-8 to 1999-2000' and '1999-2000 to 2004-5') , while the effects on relatively richer income groups (50-75% and 75-100%) become negative and non-significant for '1999-2000 to 2004-5'. That is, the effect of MFI loans in increasing food consumption growth was strong for poorer groups, confirming the poverty-reducing role of MFI's general loan. Second, the effects of MFI's general loans on household income are non-significant for most of the groups for all the cases ('1997-8 to 1998-9', '1998-9 to 1999-2000'and '1999-2000 to 2004-5') except one case where the loans had a significant and negative average impact on income growth of the 50-75% group for '1999-2000 to 2004-5' . That is, the negative (and non-significant) effect of general MFI loans on income growth in the last round Table 2 is mainly associated with their negative effect on the non-poor households.
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VI. Concluding Observations
The main purpose of the present study is to examine whether microfinance reduced poverty - household income, i.e., whether loans were used for the purposes of enhancing agricultural productivity or for general purposes, such as consumption.
We applied household fixed-effects models -with or without control for initial household characteristics -to the panel data in order to estimate the effects of amount of aggregate MFI loans as well as their subcomponents, the productive and non-productive loans. A positive and significant effect of the aggregate component of MFI loans is found for both household income and food consumption, but this positive effect is due to the positive effect of the productive component in case of income, and that of the non-productive component in case of food consumption. That is, income poverty tends to be alleviated by offering productive loans for households and consumption poverty is likely to be reduced by non-productive loans. It is also found that MFI's non-productive loans will reduce BMI. These results are broadly consistent with the past studies which have confirmed poverty reducing effects of microfinance programmes in Bangladesh (e.g. Pitt and Khandker, 1998 , Khandker, 2005 and Chemin, 2008 . DID-PSM confirms that the households which accessed MFI's general loans in 2004-05, but not in 1999-2000, had a higher food consumption growth than those which did not access to microfinance loans in either of these years. The effect on women's BMI is non-significant and mostly negative.
It can be concluded that loans provided by microfinance institutions had significant poverty reducing effects particularly on income and consumption in Bangladesh, which is consistent with earlier studies, for example, Pitt and Khandker (1998) , Khandker (2005) , Chemin (2008) and Pitt (2011 a, b) . More evidence is needed, however, to confirm our results, for example, by randomised control trials (RCTs) 12 or econometric estimations using more recent household data. . t value is calculated by Bootstrapped Standard Errors for PSM (100 bootstrap replications) *2 t values in brackets: ** significant at 1%; * significant at 5%; † significant at 10%. *3 A common support condition is imposed by dropping treatment observations whose propensity score is higher than the maximum or less than the minimum propensity score of the controls. *4 The bandwidth for kernel is set 0.05. *5 The balancing property of explanatory variables is tested by the Stata command pstest. In each case, there is no statistically significant difference for all the explanatory variables for the treated households and the controls which have been matched. *6 '0' stands for the state in which any of the household members did not have any access to MFI general loans or MFI productive loans and '1' is for the state in which one of the household members had access to either MFI general loans or productive loans. . t value is calculated by Bootstrapped Standard Errors for PSM (100 bootstrap replications) *2 t values in brackets: ** significant at 1%; * significant at 5%; † significant at 10%. *3 A common support condition is imposed by dropping treatment observations whose propensity score is higher than the maximum or less than the minimum propensity score of the controls. *4 The bandwidth for kernel is set 0.05. *5 The balancing property of explanatory variables is tested by the Stata command pstest. In each case, there is no statistically significant difference for all the explanatory variables for the treated households and the controls which have been matched.
Appendix 1: Descriptive Statistics for MFI participants and non-participants
Endnotes
1 It is noted that joint liability payment may not be imposed on the group, for example, in case of lending by Grameen Bank, but repayment performance of the group is closely monitored by the communities and the Bank. To maintain reputations in the community, a member has an incentive to build skills and work hard to keep repaying the installments. 2 We have also briefly summarized the results of propensity score matching (PSM) and report the results in Appendix 3 bearing in mind its limitations. 3 While Roodman and Morduch (2009) tried to replicate Pitt and Khandker's (1998) results and questioned their validity, recent responses from Pitt (2011 a, b) have shown that Roodman and Morduch's replication of Pitt and Khandker's study was wrong because of their econometric errors in running Tobit model and omission of target/non-target status and they have argued that the original results remain valid. 4 While this distinction is important in evaluating microfinance programmes (e.g. Imai et al., 2010) , the results will have to be interpreted with caution because the funds are fungible, that is, there might be some cases where the borrowers use loans for the purpose which is different from the one initially specified by the lenders. 5 Here, because it L , while fixed-effects models take partial account of the endogeneity of a loan amount, this can be instrumented by valid instruments, for example, by using fixed-effects IV estimator. We have carried out this estimation as a robustness check. As our base variables for our instruments, we use (i) number of village money lenders and (ii) distance from nearest 'Upzilla', the business and administrative hub where most of the local services including marketing and financial are available. The former proxies the competition of the financial market or the degree of strength of traditional and large money lenders in the village and this is likely to be negatively associated with the supply of microfinance lending. The latter is associated with demand for microfinance loans and demand is likely to be lower if the distance from 'Upzilla' is larger. However, these instruments have little temporal variation over the years and we have used the interactions between year and each of these variables on the assumption that there is a year-to-year variation in the competition of the financial market or in the demand for microfinance, which are not associated with the outcome variables. The coefficient estimate of total loan is positive for income and food consumption and negative for BMI, but as it is non-significant, we avoid reporting the results of IV model in the text. They will be provided on request. 6 It is noted that PSM for cross-sectional data is based only on observables and thus it cannot control for unobservables. We will thus introduce DID-PSM in the next sub-section. 7 We have used the Stata command pscore to identify common support in estimating fixed-effects PSM model. In carrying out DID-PSM as well as PSM, we have applied a different command, psmatch2 and thus have obtained different ranges of common support for each round. 8 See Becker and Ichino (2002) for technical details of PSM. Technically, we adopt Kernel Matching for PSM and DID-PSM where all treated are matched with a weighted average of all controls with weights that are inversely proportional to the distance between the propensity scores of treated and controls. We have also tried Nearest Neighbour Matching to take each treated unit and search for the control unit with the closest propensity score and have obtained broadly similar results. To save the space, only the results based on Kernel Matching are presented. 9 Use of probit model in the first stage provides very similar results. 10 A summary of policy effects derived by propensity score matching (PSM) applied for each crosssectional component of the panel is given in Appendix 3. Case (a) is the case of access to MFI's general loans and Case (b) is of access to MFI's productive loans. The results for all four rounds are shown for log household income per capita, while those for food consumption are only for the first, the third and the last rounds and those for women's BMI for the third and the last rounds due to the problem of missing observations. In case of income, a similar pattern has been observed for both access to MFI's general loans and productive loans. That is, positive policy effects in the first three rounds (where a statistically significant and positive effect is found only in 1998-9) turned negative and significant in the last round in 2004-5. As an extension, we have repeated PSM for four different income groups: 0-25%, 25-50%, 50-75% and 75%-100%. In 1998-9, we have found a positive and significant policy effect only for the poorest group of households (0-25%), which further supports the policy effectiveness of microfinance programmes. If we disaggregate PSM by income groups for the last round, we find for both general and productive loans a positive and significant average treatment effect on income for the poor group (0-25%) and a negative and significant average treatment effect on the group with the income range of 75-100%. This implies that microfinance programmes continued to have a poverty-reducing effect for the poorest in 2004-5. On food consumption, the effect of access to general loans is positive and non-significant, while that of access to productive loans is positive and significant in 1997-8 and in 1999-2000 .The effects of MFI loans on women's BMI are non-significant in the first and the last rounds. All these results have to be interpreted with caution because of the limitations of PSM for cross-sectional data which we discussed in Section IV. 11 It is not clear why the non-poor group (50-75%) which obtained the loans decreased per capita household income in comparison with (continuous) non-participants with similar characteristics. It might be related to the failure of investment based on MFI loans and a further investigation is needed to investigate the variation of the effects of microfinance on income among different income groups. 12 However, it is noted that RCTs are not without problems. See the recent critique by Barrett and Carter (2010) .
